ABSTRACT While many species have suffered from the detrimental impacts of increasing 21 human population growth, some species, such as cougars (Puma concolor), have been observed 22 using human-modified landscapes. However, human-modified habitat can be a source of both 23 increased risk and increased food availability, particularly for large carnivores. Assessing 24 preferential use of the landscape is important for managing wildlife and can be particularly useful in transitional habitats, such as at the wildland-urban interface. Preferential use is often 26 evaluated using resource selection functions (RSFs), but RSFs do not adequately account for the 27 habitat available to an individual at a given time and may mask conflict or avoidance behavior.
In contrast to many resource selection studies, one of the primary goals of continuous- The flexibility of the CTMC framework can account for time-varying responses to landscape 115 drivers by allowing coefficients to vary temporally , and it can also be 116 implemented in a Bayesian hierarchical framework, allowing for inference on individual-and 117 population-level drivers.
118
Given the increasing potential for human-wildlife conflict as development permeates 119 rural and wildland areas along the Front Range and elsewhere in the West, we sought to extend 120 previous work by explicitly modeling cougar movement to identify key drivers of their behavior, 121 and in doing so, better understand their use of the wildland-urban landscape in both space and are at a disproportionately high risk for predation (Hornocker 1970 (Vectronics GmbH, Berlin, Germany) programmed to obtain fixes every three hours.
150
Our study area comprised a 2,700 km 2 region in the Colorado Front Range to the north-
151
west of Denver (Figure 1 ). The study area consisted of a matrix of private (43%) and public
152
(57%) land (Blecha 2015 cell, the probability that they move to a particular neighboring grid cell (directionality) is the 175 ratio between the movement rate into that cell and the movement rate out of the preceding cell. Finally, to assess whether males and females exhibited different amounts of temporal 241 variation in their response to potential movement drivers, we fit the GLM and GAM models to 242 males and females separately for each time period. This resulted in four models: 1.) a GLM fit to 243 all individuals, 2.) a GAM fit to all individuals, 3.) a GLM fit to females and a GAM fit to males, 4.) and a GAM fit to females and a GLM fit to males. We calculated the posterior predictive 245 score for each model (i.e., the sum of the posterior predictive score for the models fit to males 246 and females separately) and compared the scores across models within each month.
247
Models were fit using a Markov Chain Monte Carlo (MCMC) algorithm written in R (R
248
Core Team 2016). We performed adaptive tuning over an initial 50,000 MCMC iterations. We resolution, which is within the distance that a cougar might typically move over a ten-minute 267 interval (Dickson et al. 2005 ).
268
We hypothesized that a number of landscape covariates may contribute to transition rates 269 and directional bias of cougars: mule deer (Odocoileus hemionus) utilization (as a proxy for 270 availability), distance to nearest potential kill site, distance to nearest structure, distance to 271 nearest road, elevation, heat insolation load index, and topographic wetness. We also used an We calculated distance to nearest structure (m) as the Euclidean distance to the nearest 298 man-made roofed structure (Blecha 2015 directional response (toward areas of increasing topographic wetness when hunting).
329
We also analyzed a subset of individuals and the interaction between housing density and 
RESULTS

344
There was no detectable effect of many of the landscape covariates on average motility or 345 directionality at a population-level (Figure 2 ). However, distance to potential kill site emerged as 346 the primary driver of both motility and directionality in the GLM framework (Figures 2, 3) . As 
353
Of the remaining potential drivers of movement, the largest seasonal differences were despite a non-significant population-level response (Figures 3, 4) .
366
Our results suggest that distance to nearest potential kill site was also the predominant 367 motility and directionality driver in the diel time-varying framework (H-GAM; Figures 5 and 6 ).
368
However, the strength of the motility response to distance to nearest potential kill site varied over 
376
While the 95% credible intervals overlapped zero for much of the day, we detected 377 modest temporal responses in both motility and directionality to elevation and distance to nearest away from structures, in April and June; this pattern shifted toward pre-dawn in October ( Figure   390 7d).
391
In addition, we did not see evidence for an interaction between development and deer 392 utilization, which remained a statistically insignificant driver of cougar movement rates and 393 directionality in both the H-GLM and H-GAM models. The positive effect of distance to 394 potential kill site on speed (faster as distance to kill site increases) and directional bias (more 395 orientation toward the kill site) was consistent between developed and undeveloped areas ( Figure   396 8a). However, we detected a difference in average movement rate between the two areas, with 397 individuals in each month moving faster in developed areas (Figure 8b ).
398
Finally, the H-GAM for both sexes was the best model in terms of predictive 399 performance across all months, whereas the GLM performed the worst (Figure 9 ). The models 400 that were a mixture of a GAM and GLM, varying by sex, were generally equivalent (Figure 9 ).
401
The largest difference between the two sex-varying models was observed in October, when the 402 better of the two models included time variation for males and no time variation for females 403 ( Figure 9 ).
404
DISCUSSION
405
The strong observed response to distance to nearest potential kill site is likely due to returning in the individual's true location when it was not observed, it does introduce an additional source 489 of variation that is not accounted for when using only the observed locations.
490
We propose that our findings regarding drivers of movement may have five potential framework represents an important step forward in detecting latent temporal patterns in animal 522 movement and is especially useful when behavior is known to vary in time.
523
MANAGEMENT IMPLICATIONS
524
We identified few significant population-level drivers of cougar movement, but we did identify 
SUPPORTING INFORMATION
759
Additional supporting information may be found in the online version of this article at the 760 publisher's website.
761
Appendix A
We spatially discretize a posterior predictive continuous path from the movement model to the resolution of the rasters of interest and decomposed into two elements: c, a state sequence consisting of the sequential grid cells (of N possible grid-cells) visited by the individual, and τ , a vector of residence times that describe how long the individual spent in each grid cell. We describe the cell sequence in terms of the transition rates α where α i j is a parameter controlling movement from cell i to cell j that can be a function of spatial covariates:
If we designate t as the t th observation in the state-sequence (t ∈ T ), then the residence time τ t is exponentially distributed with a rate equal to the sum of all α ij (the total transition rate):
In the above notation, [τ t |β] represents the probability distribution of the random variable τ t given the parameters β; this notation will appear again. We assume that it is impossible to move directly to non-neighboring cells, and therefore α ij = 0 for all j except for the cells adjacent to cell i.
When an individual transitions to a neighboring cell, the probability of transitioning to cell c t+1 = l is
Assuming independence, the joint likelihood is the product of the transition probabilities and the residence times in the state sequence c is: 
then the product of [z ctk , τ t |β] over all N is proportional to the likelihood of the observed transition:
The above process is parameterized with a single realization from the movement model, however, we have failed to account for the uncertainty in the animal's path. To avoid computational storage limitations, we use multiple imputation to account for the uncertainty in the path and make approximate posterior predictive inference on transition rates. 
